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Abstract 
 
Drylands cover approximately one-third of the Earth’s surface, are home to nearly 40 percent of 
the Earth’s population and are characterized by limited water resources and ephemeral river 
systems with an extremely variable flow regime and high transmission losses. These losses 
include actual evaporation, infiltration to the soil and groundwater and residual (terminal) water 
remaining after flood events. These critical components of the water balance of dryland river 
systems remain largely unknown due to the scarcity of observational data and the difficulty in 
accurately accounting for the flow distribution in such large multi-channel floodplain systems. 
While hydrodynamic models can test hypotheses concerning the water balance of infrequent 
flood events, the scarcity of flow measurement data inhibits model calibration, constrains model 
accuracy and therefore utility. This paper provides a novel approach to this problem by 
combining modelling, remotely-sensed data, and limited field measurements, to investigate the 
partitioning of flood transmissions losses based on seven flood events between February 2006 
and April 2012 along a 180 km reach of the Diamantina River in the Lake Eyre Basin, Australia. 
Transmission losses were found to be high, on average 46% of total inflow within 180 km reach 
segment or 7 GL/km (range: 4 to 10 GL/km). However, in 180 km reach, transmission losses 
vary non-linearly with flood discharge, with smaller flows resulting in higher losses (up to 68%), 
which diminish in higher flows (down to 24%) and in general there is a minor increase in losses 
with distance downstream. Partitioning these total losses into the major components shows that 
actual evaporation was the most significant component (21.6% of total inflow), followed by 
infiltration (13.2%) and terminal water storage (11.2%). Lateral inflow can be up to 200% of 
upstream inflow (mean = 86%) and is therefore a critical parameter in the water balance and 
  
3 
 
transmission loss calculations. This study shows that it is possible to constrain the water balance 
using hydrodynamic models in dryland river systems using remote sensing and simple field 
measurements to address the otherwise scarce availability of data. The results of this study also 
enable a better understanding of the water resources available for ecosystems in these unique 
multi-channel and large floodplain rivers. The combined modelling / remote sensing approach of 
this study can be applied elsewhere in the world to better understand the water balances and 
water transmission losses, important drivers of ecohydrological processes in dryland 
environments. 
 
Keywords: Transmission losses; Hydrodynamic modelling; Remote sensing; Water balance; 
Low gradient river systems. 
1. Introduction 
Drylands cover approximately one-third of the Earth’s surface and their limited water resources 
are under increasing pressure (Williams, 1999). Dryland regions are characterised by highly 
variable rainfall and episodic river flows (Tooth, 2000), often resulting in rivers with a unique 
geomorphological form—anabranching—which is characterised by low-gradient and multi-
channel river systems with large floodplains that are graded to transmit large yet infrequent and 
slow-moving flood pulses. Anabranching rivers with sizeable floodplain are found in dryland 
regions across the world, including South America (Smith, 1986), China (Wang et al., 2005), 
Australia (Knighton and Nanson, 2001; Nanson et al., 1986; Schumm et al., 1996), North 
America (Schumann, 1989; Smith, 2009; Smith and Smith, 1980), Africa (Makaske, 2001) and 
Europe (Gurnell et al., 2009). 
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The wide floodplains of many of these rivers are often only inundated during major flood events 
at sub-decadal to multi-decadal frequencies (Costelloe et al., 2006; Jarihani et al., 2013; 
Kingsford et al., 1999; Knighton and Nanson, 1994). These large yet infrequent flood events fill 
enlarged channel segments (or waterholes), recharge aquifers (Cendón et al., 2010) and support 
the flora and fauna of these systems, which are often adapted to ‘boom-and-bust’ ecological 
cycles (Costelloe et al., 2006; Kingsford et al., 1999; Puckridge et al., 2000). These flood pulses 
are also known to have large transmission losses which result in diminishing discharge 
downstream and therefore exert considerable control on the water resource availability that is 
important to the ecohydrology of such systems (Knighton and Nanson, 1994). 
 
The large transmission losses are broadly related to the majority of rainfall falling in the 
headwaters generating a relatively slow moving flood pulse travelling through a low-gradient 
and dry landscape with highly variable infiltration capacity and significant evaporative demands. 
Transmission losses are then a combination of actual evaporation (here direct evaporation from 
the flood water surface), infiltration to soils and groundwater and terminal water storage in 
waterholes and local floodplain depressions. Because of: (i) the remoteness of dryland rivers; (ii) 
their episodic flow regime; and (iii) low levels of economic development, there is often a lack of 
water gauging infrastructure (often gauges are tens-to-hundreds of kilometres apart, Costelloe et 
al., 2003) with which to directly estimate transmission losses. This restricts our ability to 
accurately understand flood dynamics, the partitioning of total transmission losses into its 
separate components, and ecohydrological processes of such systems. 
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While dryland anabranching river systems are known to have some of  the highest spatial and 
temporal variability in streamflow worldwide (Puckridge et al., 1998), how losses are partitioned 
as flow is transmitted downstream remains a key knowledge gap (Costelloe et al., 2003; 
Knighton and Nanson, 1994). Conventional modelling approaches to estimate transmission loss 
partitioning are also limited by the lack of  adequate water gauging and climate observations. 
From the sparse gauging network in the ‘Channel Country’ rivers of the Lake Eyre Basin, 
Australia, current transmission loss estimates range between (70-98%) within ~350 km of the 
mid to lower catchment reaches (Costelloe et al., 2003; Knighton and Nanson, 1994; Thomas, 
2011), and most years 100% of the flow is eventually lost in the lowest reaches of the catchment, 
or else enters the terminal Lake Eyre. 
 
Estimating total transmission losses and/or individual components in dryland river systems has 
previously been undertaken using three main approaches (Cataldo et al., 2004; Cataldo et al., 
2010): (i) small-scale field experiments (Dahan et al., 2008; Dunkerley and Brown, 1999; 
Dunkerley, 2008; Maurer, 2002; Parsons et al., 1999); (ii) interpolation of sparse streamflow 
networks using simple regression and/or differential equations (Arnott et al., 2009; Costelloe et 
al., 2006; Knighton and Nanson, 1994; Knighton and Nanson, 2001; McCallum et al., 2012; 
Schmadel et al., 2010); and (iii) water balance modelling to allow estimation of total and 
component transmission losses (Morin et al., 2009). Key papers for these approaches are 
summarised in Table 1, and includes examples where hydrodynamic modelling has incorporated 
remotely sensed data in order to: (i) provide input data; (ii) calibrate and validate such models; 
and (iii) estimate various components of transmission losses (Karim et al., 2011; Milewski et al., 
2009; Sharma and Murthy, 1994). 
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In data-sparse dryland regions, remote sensing data have been used to provide: 
(i) basic topographic forcing data (Callow et al., 2007; DeVogel et al., 2004; Hancock et 
al., 2006; Hirt et al., 2010; Jarihani et al., 2015; Leon and Cohen, 2012; Rexer and 
Hirt, 2014); 
(ii) hydrometeorological data (Khan et al., 2012; Khan et al., 2011; Milewski et al., 2009; 
Xue et al., 2013; Yao et al., 2014); 
(iii) flood inundation maps (Brivio et al., 2002; Cruz et al., 2010; Frazier and Page, 2000; 
Jarihani et al., 2014; Schumann et al., 2007; Sheng et al., 2001); 
(iv) quantification of flood levels (Baghdadi et al., 2011; Birkett and Beckley, 2010; 
Jarihani et al., 2013; Troitskaya et al., 2012; Zhang et al., 2011); 
(v)  discharge estimation (Callow and Boggs, 2013; Frappart et al., 2005; Kouraev et al., 
2004; Smith et al., 1996; Zhang et al., 2004); 
(vi) evapotranspiration estimation (Donohue et al., 2010; Glenn et al., 2011; Mohamed et 
al., 2004; Smettem et al., 2013; Zhang et al., 2009); 
(vii) infiltration estimation (Frappart et al., 2008); and 
(viii)  estimation of terminal water storage (Frappart et al., 2005). 
This demonstrates the potential for remote sensing to constrain individual components of 
hydrological processes is extremely high and now well recognised. However, the ability to 
integrate many of these individual components in order to parameterise, calibrate and validate 
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hydrodynamic models in data-sparse dryland river systems for the investigation of the water 
balance dynamics is not well established. 
 
To better understand the partitioning of transmission losses in dryland flood events, we used a 
novel combination of minimal field data, remote sensing, and hydrodynamic modelling. By 
using this modelling approach, we can advance our understanding of floods in these dryland 
landscapes and their implications for the water balance and ecology, and improve the status of 
modelling of remote and data-sparse hydrological systems. This paper has three objectives: 
1) to build a hydrodynamic model using remotely-sensed inputs to augment traditional 
hydrological data for a series of linked reaches along a dryland anabranching river 
system; 
2) to use a hydrodynamic model to investigate the water balance and associated 
uncertainties, and to establish the partitioning of transmission losses (actual evaporation, 
infiltration to the soil moisture store and terminal water storage); and 
3) to evaluate the opportunities, limitations, potential and future directions of using 
remotely-sensed data to better understand water balance and hydrodynamics of dryland 
and data-sparse regions. 
<Table 1 here please> 
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2. Study site 
 
The Diamantina River above the Diamantina Lakes gauging station (catchment area = 55,721 
km2) was selected for this study (Fig. 1). The Diamantina River is a major tributary of Lake Eyre 
Basin (LEB), one of the world largest endorheic basins (spreading over 1.14 million km2), of arid 
central Australia. The Diamantina river rises in Swords Range and flows north-east before 
turning clockwise and flowing southwest where it is joined by two major tributaries (Mayne and 
Western Rivers) above the Diamantina Lakes gauging station (Fig. 1). 
 
The river has a very low-gradient with a large anastomosing channel system which features up to 
hundreds of individual channels spread across a floodplain that can inundate to a width of up to 
60 km (Bullard et al., 2007; Costelloe et al., 2003; Jarihani et al., 2015; Knighton and Nanson, 
2001). Floods normally develop in the headwaters of the catchment and are more frequent during 
La Niña phases of the El Niño–Southern Oscillation (ENSO) phenomenon (Kotwicki and Allan, 
1998). The annual rainfall of the area varies between 200 to 400 mm/yr and decreases 
downstream (Costelloe et al., 2003). Class A type pan evaporation ranges from 2400 to 3600 
mm/yr with a pan coefficient of 0.5 to 0.6 and a reported potential evaporation of around 1800 to 
2000 mm/yr for the LEB (Kotwicki and Allan, 1998). Given the strong rainfall seasonality, these 
arid zone rivers are also characterised by some of the most variable flow regimes in the world, 
with distinct runoff periods during the November – March wet season, separated by a distinct dry 
season of generally no flow, (April – October, Knighton and Nanson, 2001). The system is also 
notable for the water that can be retained year-round within enlarged channel segments, or 
waterholes, that become disconnected at low flow and which are critical ecological refuge sites 
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(Bunn et al., 2006). River flow in the LEB is unregulated and sustains (albeit in ‘boom-and-bust’ 
cycles) high ecological value habitat (Costelloe et al., 2006) for migratory and non-migratory 
fish (Puckridge et al., 2000) and water-bird (Kingsford et al., 1999) populations. The 
composition of plant communities are related to soil type and moisture availability, both of 
which decrease in structure and complexity with distance from water bodies and river channels 
(Boyland et al., 1984; Capon, 2003). The majority of the floodplain sustains short grass and 
sparse scattered trees, with tree-lined channels (Boyland et al., 1984; Capon, 2003; Jarihani et al., 
2015).  
 
<Figure 1 here please> 
 
3. Materials 
 
Water elevation loggers were installed within the main river channel and determine the extent of 
the four study reaches: Tulmur, Tulmur2, Verdun Valley and Brighton Downs (Fig. 1), with 
water elevation time series recorded every 15-minute from November 2011 to November 2013, 
and captured a multi-month flood event between January-April 2012 (Fig. 2). Diamantina Lakes 
gauging station’s (commenced 1965 and is operational, 002104A, see Fig. 1) 15-minute water 
elevation and discharge data for this study period, 2005-2013, were acquired from the 
Queensland Department of Natural Resources and Mines. 
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Jarihani et al. (2015) demonstrated that the SRTM-derived Digital Elevation Models “H-DEM” 
hydrologically enforced to the known channel network (Gallant et al., 2011) of Geoscience 
Australia (GA) is the most accurate available topographic data (mean bias = 0.00 m, RMSD = 
1.8 m) for hydrodynamic modelling in low-gradient anabranching river systems. Therefore the 
H-DEM (30 m) was used in this study for topographic forcing of the hydrodynamic model. 
TUFLOW was used to automatically resample the DEM to a 120 m grid size using the 
triangulation technique (Jarihani et al., 2015).  
 
Water elevations with a temporal frequency of 10-days were also available from Jason-2 
altimeter satellite data at the location of two virtual stations, Tulmur and Brighton Downs (see 
Fig. 1). These data were acquired from Coastal and Hydrological products (PISTACH, (Mercier 
et al., 2008)) which is available from July 2008 onwards, and has been previously shown by 
Jarihani et.al. (2013) to have a mean accuracy of −0.04 m, (RMSD = 0.28 m) for this type of 
application. 
 
Daily water areal extents extracted from the Moderate Resolution Imaging Spectroradiometer 
(MODIS) and classified using the Open Water Likelihood index (OWL) (Guerschman et al., 
2011) were used to map and monitor the flood footprint. MODIS OWL utilises the strong 
relationship between the Normalized Difference Vegetation Index (NDVI; (Rouse et al., 1973)), 
Normalized Difference Water Index (NDWI; (McFeeters, 1996)) the shortwave infrared (SWIR) 
bands and surface water to produce fractional area water coverage (Ticehurst et al., 2014). The 
MODIS OWL daily low spatial resolution (500 m) water maps have been shown to be efficient 
for mapping medium to large water features; however, it lacks fine spatial detail and 
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underestimates narrow water bodies around the edge of the flood. It has been shown that 
removing pixels containing less than 6% water from MODIS OWL, can produce highly accurate 
surface water maps (Ticehurst et al., 2014). The MODIS OWL product has been used to: (i) 
calibrate hydrodynamic models (Karim et al., 2011); (ii) map wetlands (Chen et al., 2013); and 
(iii) estimate floodplain recharge (Doble et al., 2014). 
 
Seven flood events from July 2005 to November 2013 were used in this study (Fig. 2). Daily 
gridded 0.05° by 0.05° (~ 5 km) rainfall data (Jones et al., 2009) were used as input to the simple 
rainfall-runoff model within TUFLOW. Fig. 2 shows amount of rainfall over sub-catchments 
between four virtual stations and the Diamantina Lake gauge station. 
 
<Figure 2 here please> 
4. Methods  
 
4.1. Initial model calibration 
 
A ubiquitous feature of anabranching rivers is that they have a large number of individual 
channels of various sizes within wide floodplains (Tooth and Nanson, 1999). Because of the 
multiple channels and inconsistent geometry, 0-dimensional (0D) (Mohammadi et al., 2013) and 
1-dimensional (1D) hydrodynamic models (Merwade et al., 2008) have limitations in routing 
flow accurately. More computationally-intensive 2D hydrodynamic models are therefore 
required when routing water between the complex and discontinuous channels that exist between 
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cross sections which are a characteristic feature of anabranching rivers. The Two-dimensional 
Unsteady FLOW (TUFLOW) model (Syme, 1991), which utilises Stelling’s (1983) 2D 
numerical solutions for the shallow water wave equations was used. TUFLOW is designed for 
shallow water flow applications, and has previously been used in such systems (Jarihani et al., 
2015).  
 
Four virtual gauging stations (two with additional validations from satellite altimetry) were 
created, above the only available gauge station at Diamantina Lakes (Fig. 1). Diamantina Lakes 
gauge provides the downstream boundary condition for hydrodynamic model. Water elevation 
data was recorded using pressure transducers at each virtual gauging station and later converted 
to discharge using a TUFLOW constructed rating curve (further details below in Section 4.2). 
Based on water elevation and discharge at these five locations, the river was divided into four 
Reaches; each bounded with a station at either end (Fig. 3). Table 2 summarises the 
hydrodynamic characteristics of these four river Reaches. 
 
<Table 2 here please> 
 
A rainfall-runoff model was needed to estimate the lateral inflow (or tributary inputs) for each of 
four Reaches during the 7 flood events, and the TUFLOW ‘direct rainfall’ module was used. 
Sub-catchment polygons were used to apply the daily rainfall directly onto the 2D hydrodynamic 
model domain. Initial and continuous losses into the ground (differentiated by soil type, see 
below) and actual evaporation losses were applied to each model grid (120 x 120 m) to calculate 
excess rainfall at each model time step. The rainfall-runoff model outputs were calibrated to the 
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Jason-2 altimetry data at the two virtual gauging stations (Fig. 1) and the Diamantina Lakes 
gauge data. The initial and continuous infiltration losses were calibrated in this study to obtain 
the total water volume as close as possible to observed discharge. For all seven flood events (#1 
to #7) the control point (validation point) is the Diamantina gauge station. 
 
Flow resistance (roughness - Manning’s n in TUFLOW) was estimated by iteratively adjusting 
the n value to match the timing of the hydrograph peak (i.e., flood celerity) between each virtual 
station and Diamantina Lakes gauging station. Classified daily 500 m MODIS OWL data were 
also used to calibrate Manning’s n. Movement of the flood pulse front (i.e., the location of 
downstream wet/dry boundary) was used to calibrate the model rather than total inundation area 
as the later has higher uncertainty and was affected by factors other than floodplain roughness. 
 
The adaptive time-stepping functionality of TUFLOW, incorporating the Courant stability 
criterion (Courant et al., 1967), was employed to satisfy numerical stability criteria. To avoid the 
effects of initial instability, the model simulation period was selected to be larger than the actual 
analysis period and the first five days of each model run were used as model ‘spin-up’ and were 
not included in data analysis (Beven, 2008; Van Der Knijff et al., 2008). 
 
4.2. Water balance and transmission loss partitioning 
 
The water balance and from the final calibrated model was first assessed in relation to: (i) 
transmission loss partitioning; and (ii) spatial and temporal variability. We applied a reach-based 
water balance approach (Fig. 3 / Eq. 1a) to quantify the total losses and /or gains within each 
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reach. The hydrodynamic model provides estimations of the inflow, outflow and transmission 
loss components (i.e., actual evaporation, infiltration to the soil moisture store and terminal water 
storage) by using the continuity of the flow mass balance (Eq. 1a). The logger records of the 
2011-2012 flood hydrograph were used as inflow/outflow to the water balance equation. For the 
seven flood events between February 2006 and April 2012 (Fig. 2), in the absence of logger data, 
the rainfall-runoff model produced discharge at the location of the four virtual stations that were 
used as inflow/outflow.  
         		
	        (Eq.1a) 
TTL = Ea + (IIL + CIL) + TWS       (Eq.1b) 
In Eq.1a, Qin is upstream inflow to the reach, Qout is the downstream outflow, Qlat is lateral 
inflow to the system (tributary inputs) and TTL is total transmission losses. In Eq.1b, TTL is a 
combination of actual evaporation (Ea), initial infiltration loss (IIL), continuous infiltration rate 
(CIL) and terminal water storage (TWS). IIL and CIL are added to define the infiltration loss 
(IL). Due to: (i) the arid climate (Jarihani et al., 2013; Jarihani et al., 2014); (ii) the groundwater 
table being considerably deeper than the major channels (Cendón et al., 2010; Knighton and 
Nanson, 2001); and (iii) that modelling was undertaken exclusively for the flood events, 
groundwater inflow to the reaches is negligible and was excluded from the model structure. The 
absolute error term in Eq.1.a was calculated by comparing the modelled outflow with: (i) logger 
recorded flows for the 2011 flood (i.e., Flood 7 in Fig. 2) at the four virtual stations; and (ii) the 
Diamantina Lakes gauge observations. 
 
<Figure 3 here please> 
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To consider lateral inflow into the hydrodynamic model, the ArcHydro tool of ArcGIS was used 
to delineate 10 sub-catchments between Tulmur and Diamantina Lakes gauging stations from the 
H-DEM (there are 11 sub-catchments shown on Fig. 1 and one is above Tulmur). The discharge 
of each sub-catchment was linked to the hydrodynamic model domain at the junction of the sub-
catchments and the main river system. Daily rainfall data of all 11 sub-catchments above 
Diamantina Lakes (i.e., one above Tulmur and 10 between Tulmur and Diamantina Lakes) were 
used as input to the rainfall-runoff model.  
 
A wide variety of  pan coefficients (0.6 to 1.0) have been used to convert pan evaporation rates 
into actual evaporation rates from large water surfaces (Kotwicki, 2000; McKenzie and Craig, 
2001). As the rainfall events causing these flood pulses are significantly above-average, and the 
vegetation cover is relatively sparse, it can be assumed that interception of rainfall from the 
surface of vegetation is negligible (Dunkerley, 2000). 
 
In the absence of ground-based actual evaporation observations, remote sensing and gridded 
meteorological based estimates of Penman potential evaporation (Donohue et al., 2010) was used 
to estimate actual evaporation rate within the water balance calculations. In drylands the actual 
evaporation from an open waterbody can be considered energy-limited (not water-limited), and 
thus, we assumed the actual evaporation from the flood footprint and terminal stored water to be 
equal to the Penman potential evaporation rate.  
 
The Initial Infiltration Loss/Continuous Infiltration Loss (IIL/CIL) method (El-Kafagee and 
Rahman, 2011; Hill, 1996) was used to estimate infiltration in the model domain. The IIL and 
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CIL components of infiltration were estimated by considering the study sites’ dominant soil type 
(clay); using soil data available from the Soil and Landscape Grid of Australia website 
(http://www.clw.csiro.au/aclep/soilandlandscapegrid/) for different depth ranges (0 to 200 cm). 
 
The final component of transmission losses considered here is terminal water storage, which is 
the volume of water captured in topographic depressions and channels following the cessation of 
the flood. This was estimated using the hydrodynamic model water elevation output extents to 
extract the total captured water volume in every reach of the river at the end of the event (defined 
as zero outflow).  
 
4.3. Uncertainty and limitations 
 
Previous studies have shown that infiltration losses for the Diamantina River floodplain are 
higher during the initial stages of flood events, due to the presence of ‘cracking clays’ with large 
fissures allowing for significant initial infiltration that may then seal following the swelling of 
the clay (Costelloe et al., 2003; Knighton and Nanson, 1994; McMahon et al., 2008). To 
investigate the sensitivity of the rainfall-runoff and hydrodynamic model to the infiltration rate, 
varying rates for IIL (0, 10, 20, 30, 40 and 50 mm) and CIL (0, 0.1, 0.2, 0.3, 0.4 and 0.5 mm/hr) 
were considered and their effect on the water balance of each river reach was investigated by 
comparing the modelled and recorded total outflow at the Diamantina gauge station. 
 
The initial infiltration transmission losses are also known to be highly sensitive to the initial 
moisture and antecedent conditions. Multiple IIL values were used depending on whether flow 
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events were on a dry or wet floodplain to account for the possibility of wet antecedent 
conditions, for example when one flow event happens soon after a previous one.  
 
Sensitivity analysis on the Manning’s n roughness parameter was performed by using a range of 
n values (0.01 to 0.1 with 0.01 consistent increment) in the model and comparing the model 
outputs to discharge data at Diamantina Lakes gauging station. Uncertainty in calculating the 
water balance components related to satellite altimetry was also investigated by comparing the 
impact of the absolute water elevation error on discharge estimates at each of the virtual gauging 
stations. The uncertainty related to the DEM data was also investigated by comparing the DEM-
derived and survey-based rating curves at Diamantina Lakes gauging station. 
5. Results 
5.1. Initial model calibration 
 
The results showed that calibrating to both peak flow height and timing of peak flow was 
difficult due to the low spatial (0.05° by 0.05°) resolution and temporal (daily) frequency of the 
rainfall data. As our main aim focuses on the water balance, and not the flow centre of mass, we 
calibrated the rainfall-runoff model to total water mass only. The rainfall-runoff model and 
IIL/CIL parameters were calibrated by minimising the difference between observations and 
simulations of flood total water mass during the Nov 2011 to Apr 2012 flood event (Flood #7; 
see Fig 2) at the virtual stations (Table 3). The rainfall-runoff model for the three flood events 
(Floods #4 to #6; see Fig. 2) between December 2008 to May 2011 was calibrated by comparing 
modelled water elevation with satellite altimetry derived water elevation time series at the two 
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virtual gauging stations (see Fig. 1) with altimetry tracks crossings the river. The rainfall-runoff 
model of the Flood #1 to Flood #3 were calibrated to discharge at Diamantina Lakes gauging 
station. The reach-based hydrodynamic model of flood inundation footprint was also calibrated 
to MODIS OWL daily flood maps from February 2006 to April 2012.  
 
<Table 3 here please> 
 
Sensitivity of the hydrodynamic model to the roughness parameter (Manning’s n) was also 
investigated. Absolute changes in the water elevation in response to varying Manning’s n were 
lower for the wide floodplain reaches, particularly those lower in the catchment proximal to 
Brighton Downs, relative to more confined reaches that were typical of the upper parts of the 
catchments (i.e., proximal to Tulmur) but also at the Diamantina Lake gauging station (and the 
reason for the selection of this site as a gauging station). For example, when the Manning’s n 
value varied between 0.01 and 0.1, a flow rate of 2000 m3/s produced 3 m of change in water 
elevation at Tulmur, 2.4 m for Diamantina Lakes and Tulmur2, 1.7 m for Verdun Valley, and 0.3 
m for Brighton Downs. For flow ranges between 0 and 10000 m3/s, Tulmur2 showed the highest 
depth change (8.73 m), followed by Tulmur (7.06 m), Diamantina Lakes (5.63 m), Verdun 
Valley (3.99 m) and Brighton Downs (1.7 m). For discharges < 1000 m3/s, both rising and falling 
limbs of hydrographs showed different discharge (higher discharge during the rising limb) for 
the same water elevation due to the higher water surface gradient during the rising limb. Altering 
the Manning’s n value varied between 0.01 and 0.1 also caused changes in the transmission time 
of the flood pulse from Tulmur station to Diamantina Lake station (180 km) from 21 to 111 
hours corresponding to changes in the average celerity of the flood wave was between 0.45 to 2.4 
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m/s. Based on the calibration and sensitivity testing, a single Manning’s n of 0.04 was selected 
for all Reaches (Table 3). 
 
Comparing DEM-derived rating curves with the surveyed rating curve showed that there are 
larger errors for small discharge events < 2000 m3/s due to higher differences between the 
SRTM-derived river cross section and the surveyed cross section. This is due to inherent error in 
the SRTM DEM relative to surveying in capturing multiple small floodplain channels plus 
additional error introduced by resampling the DEM from its original 30 m spatial resolution to a 
lower spatial resolution (120 m) to allow for computational efficiency (Jarihani et al., 2015). In 
addition, there was a 2 m difference between the ‘zero-point’ (i.e., the gauge reading 
corresponding to no discharge) of the DEM-derived (94 m) and ground based (92 m) rating 
curves, which was caused by overall uncertainty in the SRTM DEM. Hydrodynamic modelling 
is very challenging in multi-channel systems with wide floodplains and low gradients even in 
catchments with adequate gauging data. Previous work by Jarihani et al. (2015) showed that 
DEM precision in replicating individual channel features and spatial resolution become less 
important for larger flows (such as the seven flood evens considered in this study) as the 
proportion of in-channel flow in relation to total flow decreases. 
 
5.2. Water balance and transmission loss partitioning 
 
The different components of Equation 1, including: (i) inflow to and outflow from the reach; (ii) 
infiltration; (iii) actual evaporation; (iv) lateral inflow; and (vi) terminal water storage are 
estimated in this section. Table 4 presents water balance and transmission loss components 
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calculated for each of four reaches (Reaches 1 to 4, see Fig. 3) individually, and also as a 
combined 180 km reach. Water balance components are presented for each seven flood events 
from February 2006 to April 2012 (Fig. 2). 
 
The total upstream inflow at Tulmur ranged between 494 GL and 4926 GL for two minor (Flood 
#1, February 2006 to May 2006) and major (Flood #4, December 2008 to March 2009) flood 
events, respectively. The inflow values were 4% to 30% (mean = 14%) of the upstream total 
volume of rainfall. During the seven floods, the outflow downstream of four Reaches (at the 
Tulmur2, Verdun Valley, Brighton Downs and Diamantina Lakes gauging station) ranged 
between 330 GL and 4967 GL. Depending on the magnitude of the total transmission losses 
relative to lateral inflow, outflow from the system could be larger than inflow to the system (total 
transmission losses < lateral inflow), however this was for two flood events. 
 
The calculated lateral inflow of the four river Reaches was highly variable and a significant 
contributor to the water balance in some reaches, ranging from 4 GL to 1353 GL (0.5 % – 78% 
of upstream inflow, mean = 19%). The lateral inflow decreased from upstream to downstream 
due to the decrease in rainfall in southern parts of the Diamantina catchments (Fig. 4). For 
example, during the largest recorded flood event (#4), the smaller (9079 km2) sub-catchment of 
Reach 1 produced higher (1214 GL) lateral inflow than the sub-catchment of Reach 4, covering 
13,299 km2, which produced an estimated 582 GL of lateral inflow, hence our results quantify an 
important process that has previously only been qualitatively described in terms of downstream 
water balance behaviour in these systems. 
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The reach-level terminal water storage between all seven floods was on average was 1.30 GL/km 
varying between 0.55 to 2.26 GL/km. Upstream reaches generally had lower terminal water 
storage (Fig. 4), with the loss increasing down-system as the floodplain width increased and 
along with the number of channels. For example, Reach 1 had 1.03 GL/km, Reach 2 1.79 
GL/km, followed by Reach 3 (1.09 GL/km) and Reach 4 (1.27 GL/km). Smaller flood events 
(i.e., Flood #1) showed a higher proportion of terminal water storage relative to total inflow 
compared with larger flood events (i.e., Flood #4). The average terminal water storage for all 
Reaches accounted for around 4 % of the total inflow (upstream inflow + lateral inflow 
generated within the reach) to the river system, varying between 0.5% and 16% (Table 4). 
 
The reach scale actual evaporation across the seven floods had a range from 0.91 to 7.25 GL/km 
with an average of 3.39 GL/km. The proportion of actual evaporation compared to the total 
inflow for each river reach was on average 7.7%, ranging from 1.5% to 19.1% of the upstream 
and lateral inflow to the river reach. Larger flood events showed higher evaporation losses than 
minor flood events (see Table 4 and Fig. 4). Actual evaporation generally increased from 
upstream to downstream, also due to the increase in channel/floodplain width (Table 2). 
Evaporation was on average (for the seven flood events) 2.34 GL/km for Reach 1, 3.31 GL/km 
for Reach 2, 4.09 GL/km for Reach 3 and 3.81 GL/km for Reach 4. Flood events with longer 
duration and multiple flood pulses had higher total evaporation losses than flood events with 
shorter duration. For example, flood # 5, with six months duration (Fig. 2), had a total 
evaporation of 910 GL compared with Flood #4, with four months duration (and similar 
magnitude of Flood #5), which had a total actual evaporation loss of 636 GL. 
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Across the seven floods, reach-level total infiltration (IIL+CIL) ranged from 0.68 to 5.35 GL/km 
with an average value of 2.11 GL/km. Infiltration was on average 4.6 % of the total inflow to the 
river reach (range; 1.4 % to10.6%). Downstream reaches showed that a higher infiltration rate 
(Table 4) is more likely due to greater channel/floodplain width and longer water inundation 
period (wetting period). The average infiltration for all floods was 1.46 GL/km for Reach 1, 2.06 
GL/km for Reach 2, 2.55 GL/km for Reach 3 and 2.34 GL/km for Reach 4. The IIL was 
approximately 10% of the total infiltration (on average 0.23 GL/km) compared with CIL, which 
represented 90% of total infiltration (average of 1.88 GL/km). 
 
For the seven floods, reach-level total transmission losses varied between 3.02 and 12.04 GL/km 
with an average of 6.79 GL/km (Fig. 5 / Table 4). The upper reach, with lower 
channel/floodplain width and steeper slopes (Table 2) had lower total transmission losses on 
average (Reach 1 = 4.84 GL/km) compared with the downstream reaches that have lower 
gradients and a wider channel/floodplain system width (Reach 2 = 7.16 GL/km; Reach 3 = 7.74 
GL/km and Reach 4 = 7.42 GL/km). The total transmission losses at the reach level ranged from 
3.9 % to 39.2 % (mean = 16.3 %) of the total inflow. Actual evaporation counted for the highest 
proportion (26 % to 67 %; mean = 48 %) of the total transmission losses followed by infiltration 
(15 % to 58 %; mean = 29 %) and terminal water storage (7 % to 47 %; mean = 23 %). 
 
Combining the whole 180 km reach, for seven floods, total transmission losses varied between 
3.85 to 9.91 GL/km with an average of 6.62 GL/km, (or 23% to 68% of total inflow, mean = 
46%). All-reach (180 km) actual evaporation had the highest proportion (9.8 % to 35 %; mean = 
21.6 %) of the total transmission losses followed by infiltration (8.4 % to 18.6 %; mean = 13.2 
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%) and terminal water storage (2.2 % to 27.4 %; mean = 11.2 %). In general, total transmission 
losses increases from upstream to downstream due to increase in channel/floodplain width and 
water residence time (Fig. 5). Minor flood events had higher relative total transmission losses 
(~0.006 GL/km,  Fig. 6) than major flood events (~0.002 GL/km, see Fig. 6), however in 
absolute terms the loss rate (GL/km) increases with the size of the event until a threshold rate (~8 
GL/km).  
 
<Table 4 here please> 
<Figure 4 here please> 
<Figure 5 here please> 
<Figure 6 here please> 
  
The spatial distribution of the transmission losses was also investigated (Fig. 7). The total 
amount of actual evaporation and infiltration depends on the residence time of flood water in the 
system. For each of the seven flood events (Fig. 2), flood water residence time was calculated 
from the hydrodynamic model and is shown as the number of hours each pixel was inundated 
during each flood event. The flood water residence map is therefore a direct indicator of the 
spatial influence of the two major components (actual evaporation and infiltration) of the total 
transmission losses (Fig. 7). Flood water residence time was higher in the main channels of the 
system and lower along the boundaries of the floodplain, which are inundated only during the 
higher flood peaks. In addition, the upstream reaches had lower water residence time than 
downstream reaches. Flood water residence time was also calculated independently from 
MODIS OWL daily maps and showed good agreement with simulated residence time from the 
TUFLOW hydrodynamic model (Fig. 7 c-d). 
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<Figure 7 here please> 
 
5.3. Uncertainty and limitations 
 
Discharge estimates from the water elevation time series recorded by loggers proved to be very 
sensitive to the accuracy of the elevation datasets. The rating curve of the virtual stations at 
wider sections of river channel/floodplain showed very low changes in water elevation for very 
high changes in discharge. This is an inherent feature with these anabranching river systems and 
indeed a possible reason why these locations are not currently gauged. Translating water 
elevation into discharge is therefore challenging and there is high variability in any discharge 
estimation whether through conventional gauging or modelling in a dryland anabranching 
floodplain. Table 5 shows the changes in water elevation for every 1000 m3/s changes in 
discharge. As an example, in order to increase the discharge from 1000 m3/s to 2000 m3/s at 
Brighton Downs station, an increase of only 0.05 m in water elevation was needed. However, the 
water elevation required for the same increase in discharge was much larger at other stations, i.e., 
Verdun Valley (0.64 m), Diamantina Lakes (0.83 m), Tulmur (0.90 m) and Tulmur2 (1.01 m) 
(Table 5). This is due to the relatively large channel/floodplain width at Brighton Downs (Table 
2) compared to the other stations, which has channel/floodplain widths varying from 2.5-6 km. 
Therefore any minor error of > 0.05 m in water elevation at Brighton Downs will cause an error 
of 1000 m3/s in discharge estimates. 
 
<Table 5 here please> 
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Analysis of the spatial distribution of rainfall data of seven water years (water year starts 1 July 
and ends 30 June the following year) from July 2005 to June 2012 were performed to understand 
the proportion of the rainfall in each sub-catchment which adds lateral inflow to the river system 
between gauging stations. On average 61% of rainfall is falling in sub-catchments above Tulmur 
(24,598 km2), 15% between Tulmur and Tulmur2 (Reach 1; area = 9,079 km2), 2% between 
Tulmur2 and Verdun Valley (Reach 2; area = 1,395 km2), 8% between Verdun Valley and 
Brighton Downs (Reach 3; area = 7,344 km2) and 14% between Brighton Downs and 
Diamantina Lakes gauging station (Reach 1; area = 13,299 km2). Total rainfall data (GL) of each 
sub-catchment were in agreement (R2 = 0.83) with discharge estimated at each of the virtual 
gauging stations for Flood #7 from November 2011 to April 2012 (Fig. 2). 
 
Comparing average daily rainfall for the entire upstream catchments contributing to the 
Diamantina Lakes gauging station and corresponding runoff observed at the Diamantina Lakes 
gauging station from July 2005 until June 2013 revealed that for < 20 mm of daily rainfall, there 
is no recorded runoff by the gauge. Rainfall events up to 50 mm relate to approximately 1000 
m3/s discharge events (runoff coefficient = 0.04). A rainfall event of 100 mm is needed to 
provide a discharge of 3000 m3/s or greater at Diamantina Lakes gauging station (runoff 
coefficient = 0.08). The annual runoff coefficient (total annual runoff / total rainfall) was higher 
in wet years (> 20000 GL total rainfall) than drier year (Table 6). The correlation between annual 
rainfall and runoff from July 2005 to June 2013 was high (R2 = 0.9) when small rainfalls (< 20 
mm) were excluded from total rainfall calculations (R2 = 0.51 when included); Table 6 reports 
the annual rainfall data for both options. 
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<Table 6 here please> 
 
The runoff coefficients varied between 0.1 and 0.33 and depended on the spatial and temporal 
distribution of rainfall intensity of rainfall and antecedent soil moisture. Intense rainfall events 
produced a higher peak discharge and runoff coefficient. For example, the flood during the 2008-
2009 water year had a total rainfall of 23,666 GL over the sub-catchment upstream of the 
Diamantina Lakes gauging station, whereas the December 2008 to March 2009 flood produced 
higher (4,928 GL) runoff than the 2009-2010 water year with similar (24,071 GL) total rainfall 
data, but lower total water mass (1,855 GL), due to higher rainfall intensity in 2008-2009 (Table 
6, also see Fig. 2 for duration of different rainfall events). The runoff coefficient varied from 
0.03 for the 2006-2007 water year to 0.21 for the 2008-2009 water year. High intensity rainfall 
events were related to high peak discharge and quicker flood pulses, which had lower 
transmission losses and consequently higher runoff coefficients. 
 
Actual evaporation was the second most important source of variability in the water balance 
calculation. For the seven flood events from February 2006 to April 2012, evaporation varied 
from 215 GL to 1096 GL in the 180 km reach of river (1.19 to 6.09 GL/km) and was sensitive to 
both the duration and peak discharge of the flood event. 
 
The sensitivity of total transmission losses to different infiltration losses (IIL/CIL) was 
examined. The results showed that the IIL is independent of the flood duration and depends 
mainly on the antecedent soil moisture prior to the flood event. However, when calibrating the 
model, relatively low initial infiltration losses were required (10-40 mm) due to the low 
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permeability of the floodplain soil, clay (Table 3). Although the CIL rate was small due to the 
low permeability of the soil type, higher total CIL was experienced (5 to10 times higher than 
IIL) due to the longer (~3 month) durations of flood water presence in the system. 
 
Terminal water storage is determined based on the topographic structure of the floodplain, but in 
practice is dominated by the DEM noise (Jarihani et al., 2015). Nonetheless, we found that 
terminal water storage is not likely to be as significant component of transmission losses, 
representing only 16% of the total inflow. Terminal water storage was the parameter that was 
potentially most sensitive due to the influence of the DEM quality (Jarihani et al., 2015), but 
with relatively small values ranging from 130 GL to 280 GL for the 180 km reach of the 
Diamantina River (0.72 to 1.55 GL/km) across the seven flood events. 
 
In summary, our reach-scale water balance analysis of dryland anastomosing river systems with 
limited gauging stations found that, over the 180 km reach, the lateral inflow can produce the 
highest variability in the water budget (86% of upstream inflow), followed by evaporation 
(21.6% of the upstream and lateral inflow), infiltration (13.2% of the upstream and lateral 
inflow) and terminal water storage (11.2% of the upstream and lateral inflow) for the seven 
evaluated flood events. 
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6. Discussion 
6.1. Initial model calibration 
 
Calibration challenges are well known in hydrodynamic models (Hall et al., 2005; Horritt and 
Bates, 2001; Horritt et al., 2006; Jarihani et al., 2015). This study, as well as previous research, 
has identified that in dryland, low-gradient river systems this challenge becomes even more 
pronounced due to a limited number of events for calibration and flows across large floodplains 
with multiple-channels over highly variable soil moisture conditions and a floodplain that is 
shallower and wider than the more confined coastal river settings where much hydrodynamic 
modelling is performed (Hall et al., 2005; Horritt and Bates, 2001; Jarihani et al., 2015; Karim et 
al., 2011; Khan et al., 2012; Mohammadi et al., 2013). Given their extensive inundation area and 
large changes in surface properties, remote sensing derived information (or any other data 
source) is unlikely to ever fully overcome such uncertainty in hydrological prediction in these 
dryland settings (Hall et al., 2005; Jarihani et al., 2015; Karim et al., 2011; Mohammadi et al., 
2013), but it may be possible to help constrain some of the model parameters. That being said, 
we acknowledge that differing input datasets and model setups will produce different results 
compared to this study. 
 
In line with previous research (Bates et al., 1998; Bates et al., 2005; Baugh et al., 2013; Callow 
et al., 2007; Jarihani et al., 2015; Sanders, 2007), our study found that the quality of DEMs 
govern the success of hydrodynamic models of low-gradient river systems, especially for small 
flood (< 2000 GL) events. As found by Jarihani et al., (2015), Manning’s n roughness is 
typically low and dominated by the H-DEM surface accuracy and roughness that also impact the 
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physical realism of values in such large systems due to the DEMs hydraulically-rough floodplain 
surfaces (Jarihani et al., 2015). The low-gradient, wide and shallow flow depth therefore 
introduces a higher sensitivity to terminal water storage (real or DEM derived) relative to the 
overall water balance. 
 
We found that calibrating the hydrodynamic model to both flood extent and flood travel time 
was very challenging when modelling our seven specific flood events in such low-gradient 
anabranching river systems. Choosing whether to target timing or flood extent depends on the 
objective of the modelling, so users can decide to calibrate the hydrodynamic model to have 
more accurate total outflow or more correct flood pulse travel times. This calibration challenge 
has also been reported by Horritt and Bates (2001) who found that the LISFLOOD-FP 2D 
hydrodynamic model could not be calibrated to give both acceptable travel time and inundation 
results. In this study we settled for more accurate outflow (flood extent) given the focus on the 
water balance. Errors in the discharge time series mainly occur through uncertainty in stage-
discharge relationship determination (Tomkins, 2014). The source of uncertainty can be related 
to measurements of flow height, width and river cross section. McKenzie and Craig (2001) found 
that the high uncertainty of flow observations at low-flows means it is difficult to estimate losses 
accurately. Here we found that the error budget in discharge estimation is high for our virtual 
gauge stations with flat and wide cross sections of the river. 
 
Within large dryland catchments, the potential for large rainfall events to occur in downstream 
parts of the catchment potentially introduces a higher sensitivity to lateral tributary inflows 
relative to the overall water balance. Any uncertainty in rainfall-runoff models input data (i.e., 
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rainfall) and calibration/evaluation process will also introduce uncertainty to lateral inflow 
estimation. However, we found that the error from caused by the rainfall-runoff model was 
comparatively low when only the total water mass (and not the timing) is considered which is 
more important for the overall water balance, than matching the complete hydrograph (see Table 
3). 
 
As stated by Karim et al., (2011), using remote sensing data can help to address the problem of 
calibrating hydrodynamic models in data-scarce regions and provides improved estimates of 
discharge. However, any error within remote sensing data is also a possible source of uncertainty 
in the hydrodynamic model results. For example, errors present in satellite derived flood 
inundation maps (i.e., MODIS OWL; (Guerschman et al., 2011; Ticehurst et al., 2014)) can 
produce bias in the hydrodynamic model calibration and consequently simulated flood 
hydrograph parameters. This error was higher for smaller flood events (< 2000 m3/s) that were 
mainly confined to the main channels due to higher uncertainty in inundation area when only 
extracting from multiple small channels obscured by vegetation canopy and islands. Model 
calibration and consequent discharge estimation was also very sensitive to water elevation time 
series accuracy from altimeter satellite data (i.e., Jason-2, RMSE = 0.28 m; Jarihani et al., 2013). 
The uncertainty in discharge estimation related to, H-DEM, and the derived rating curve was 
higher (mean = 88%) for small (< 2000 m3/s) flood events due to higher uncertainty in 
replicating channel morphology from the H-DEM, and therefore impacts the water balance 
calculations. In contrast, for larger floods (> 2000 m3/s) the uncertainty and differences between 
rating curves was small (mean = 5.5%). To conclude, we found that remote sensing can provide 
valuable information for calibration and validation of the hydrodynamic models, especially for 
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the large inundation areas experienced by drylands anabranching rivers. However, the 
uncertainty was higher in remotely-sensed flood stage and inundation data of small flood events 
due to the spatial resolution of the remote sensing data. 
 
6.2. Water balance and transmission loss partitioning  
 
In an ungauged reach (180 km) of a large dryland river system, we found that the transmission 
losses are on average high (46%), vary non-linearly with flood discharge and increases 
downstream (Fig. 6). For lower parts of the Diamantina River (further downstream from our 
study site) and nearby Cooper Creek, high transmission losses have also been reported (75-90%), 
which are higher than our results most likely due to wider floodplains, higher actual evaporation 
losses (from wider flow extents), longer water residence times and a lower gradient with 
increasing distance downstream (Costelloe et al., 2006; Knighton and Nanson, 1994). Water 
balance calculations based on gauge data are often blurred by unknown lateral inflows (Lange, 
2005). We found (see Table 4) that the lateral inflow between available sparse gauging stations 
provided the highest uncertainty in water balance estimation. However, high uncertainty of daily 
gridded rainfall data, especially in areas with sparse rainfall gauges (Asadullah et al., 2008; 
Chappell et al., 2013), is in turn a major driver of this uncertainty in lateral inflows during flood 
events. 
 
Our results for infiltration losses were in agreement with results of previous studies in dryland 
environments which found that initial infiltration losses were independent of flood duration and 
were lower than the continuous losses during the main flood phase (Lange et al., 1998), which is 
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controlled by flood duration (Morin et al., 2009). Schwartz (2001) found that the transmission 
losses were significantly reduced due to initial soil moisture when the time interval between two 
floods was less than one week. Our study also found that lower initial infiltration losses depend 
mainly on the initial soil moisture conditions. Smaller initial infiltration losses were experienced 
for flood events when the soil was already wetter, and higher initial infiltration losses for flood 
events occurring after a long dry period. 
 
When transmission losses are normalised to total inflow (see Fig. 4 and Fig. 6), the losses per km 
are high for small floods and these decreases non-linearly for larger flood events. This means per 
unit discharge, transmission loss rates (GL/km) are higher for smaller flows, and therefore 
experience comparatively greater losses. This is mostly a result of hydrograph shape, with events 
delivering more water in a shorter period of time experiencing lower losses per km, and events 
delivering similar or smaller volumes of water over a longer period of time experiencing 
increasing losses per km. However, it is important to note that in absolute terms, the transmission 
losses per km actually increase non-linearly with flood size, but only until ~8 GL/km, after 
which the loss rate no longer appears to increase with flood size. The changes in transmission 
losses with total water mass is most likely due to the non-linear flood extent/flood stage 
relationship on low-gradient floodplain, and once the floodplain of a given reach is completely 
inundated, the losses diminish as additional water increases flow depth rather than width (at 
which point discharge can contribute to increase with comparatively lower loss rates). Two 
major components of the total transmission losses (actual evaporation and infiltration) are 
directly related to flood inundation extent, and can explain this trend. 
 
  
33 
 
6.3. Uncertainty and limitations 
 
We highlighted the importance of the remote sensing datasets in hydrological studies of data-
sparse dryland river environments. McVicar et al. (2009) defined the application of remote 
sensing to catchment-scale modelling as falling into the following five categories: (i) forcing 
data; (ii) parameters; (iii) calibration; (iv) evaluation; and (v) regionalisation. We found that 
remotely-sensed topographic forcing data are necessary for hydrodynamic modelling in data-
sparse regions, supporting earlier studies (Callow et al., 2007; Hancock et al., 2006; Hirt et al., 
2010; Jarihani et al., 2015; Rexer and Hirt, 2014). We also found that remote sensing data 
provide valuable information for hydrodynamic model calibration and evaluation such as flood 
inundation maps and flood levels. The potential for remote sensing to constrain hydrodynamic 
models in dryland river systems is therefore extremely valuable and could greatly improve our 
understanding of the flood dynamics, water balance, and ecohydrology of these poorly-studied 
environments. 
 
That being said, uncertainty related to remote sensing data may limit their applicability in some 
cases. For example, errors in topographic forcing data (Jarihani et al., 2015), flood extent 
(Jarihani et al., 2014; Ticehurst et al., 2014) and water elevation time series (Baghdadi et al., 
2011; Birkett and Beckley, 2010; Hall et al., 2012; Jarihani et al., 2013) could possibly add low 
to medium uncertainty (related to the error budget) within hydrodynamic model results (Table 7). 
Spatial resolution and temporal frequency of remote sensing data also inherently constrain their 
application for hydrodynamic modelling. The results of this study, and the summary of 
developments occurring more broadly within this discipline area, are presented in Table 7 and 
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we suggest that the greatest benefits to the hydrological community in relation to prioritising 
investment in new satellite technologies or methodological advances is to emphasise improving 
topographic data accuracy and resolution (subject to computational constraints) and 
identification of water inundation extent. Water surface elevation from altimetry and better 
spatially-distributed precipitation are also of significant interest, with soil moisture and 
groundwater products providing some value to hydrodynamic modelling in data-scarce regions 
but remaining a lower overall priority on the basis of uncertainty and value to constraining 
hydrodynamic model accuracy. 
 
Finally, by utilising new blending algorithms (Emelyanova et al., 2013; Jarihani et al., 2014) and 
combining different data products from multiple sensors we may be able to reduce the 
uncertainty related to available remote sensing data. This will also be greatly aided by future 
space missions dedicated to hydrological studies (i.e., Surface Water and Ocean Topography) 
that will cover most of the freshwater bodies in the world and will provide fine temporal and 
spatial resolution information (i.e., elevation and area) for water body dynamics (Durand et al., 
2010; Fu et al., 2009). Additional approaches that may reduce uncertainty from currently 
available remote sensing data is to use a probabilistic framework to propagate the error from 
remote sensing data into modelling results (Callaghan et al., 2008; de Bruin et al., 2008; Hengl et 
al., 2010; Leon et al., 2014). 
 
<Table 7 here please> 
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7. Conclusion 
 
This study investigated the feasibility of using a hydrodynamic modelling approach to quantify 
transmission losses in large, data-sparse, multi-channel and low-gradient dryland catchments. 
For our spatial-temporal study extents we found that: 
1) Transmission losses in a 180 km reach of the Diamantina River are high and can be up to 
68% (mean = 46%) of the total inflow (upstream + lateral) to the system. This is on 
average 7 GL/km (range: 4-10 GL/km); 
2) Lateral inflow is the largest source of uncertainty in water balance estimation and can be 
up to 200% of upstream inflow (mean = 86%); 
3) Actual evaporation is the most influential component on transmission losses (mean = 
21.6% of the total inflow); 
4) Infiltration was the second most significant (mean = 13.2% of the total inflow) 
component resulting in transmission losses, with initial infiltration losses being lower 
(1.2%) than continuous infiltration losses (12%); 
5) Terminal water storage was on average only 11.2% of the total inflow. Terminal water 
storage is related to DEM accuracy, which can affect terminal water storage estimation. 
The evaluation process of the terminal water storage estimates with remote sensing based 
optical images showed higher uncertainty due to misclassification of the wet soil than 
water after hydrograph recession; 
6) The runoff coefficient is low in drylands river systems (average for the seven flood 
events was 0.14); 
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7) When partitioning the transmission losses to its major components, temporal variability 
in actual evaporation, heterogeneity in soil structure and soil depth are most likely to 
impact the infiltration rate; 
8) The water balance calculation using ‘virtual’ gauging stations was sensitive to rating 
curve accuracy when converting water elevation data to discharge. The grid based rainfall 
data accuracy is also important for accurately simulating the hydrograph peak flow and 
timing; 
9) When using the hydrodynamic model for estimation of total water mass and water 
balance, Manning’s n proved to be less important; 
10) Hydrodynamic modelling is able to produce spatial and temporal variability maps of the 
transmission losses and flood water which are ecologically important in dryland river 
systems (i.e., water depth, inundation period, connectivity); and 
11) Using limited ground-based measurements coupled with remotely-sensed data is 
important for quantifying uncertainties arising from scarcity of hydrological data. 
 
The results of this study are of significant interest for application to other dryland and data-
sparse regions elsewhere in the world especially in better understanding the dynamics of dryland 
flood waters, which is important for driving ecohydrological processes. This research provides 
an approach to reduce the uncertainty in water balance estimation in data-sparse regions by using 
appropriate temporal and spatial resolution remote sensing data for model calibration, 
implementation and evaluation. 
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Fig. 1. Study site map. (a) Location of study site in Diamantina Catchment, Lake Eyre Basin, 
Australia. The darker grey shows the Diamantina catchment area upstream of the Diamantina 
Lakes gauging station. Part (b) location of Diamantina Lakes gauging station, four virtual gauge 
stations, location of two ground tracks of the Jason-2 altimeter satellite and 11 sub-catchments, 
which are used for rainfall-runoff modelling. 
 
Fig. 2. Monthly discharge and rainfall from July 2005 to November 2013. Monthly discharge at 
Diamantina Lakes gauging station is shown for seven flood events (Flood 1 to 7) that were all 
modelled herein. Total rainfall (GL) of the sub-catchments between the four virtual stations and 
the Diamantina Lake gauge station is also presented. Water elevations were also recorded from 
01 November 2011 to 30 November 2013 at the four virtual gauges capturing all of Flood 7. The 
temporal extent of the 7 floods are defined by the following dates pairs: (i) 07 Feb 2006 to 05 
May 2006; (ii) 08 Jan 2007 to 11 Aug 2007; (iii) 14 Nov 2007 to 16 Mar 2008; (iv) 25 Dec 2008 
to 21 Mar 2009; (v) 25 Dec 2009 to 12 May 2010; (vi) 14 Oct 2010 to 19 Apr 2011; and (vii) 22 
Nov 2011 to 13 April 2012. 
 
Fig. 3. Schematic view of reaches and flood water balance equation components. 
 
 
Fig. 4. Relative magnitude of the water balance equation’s components to inflow for each 
individual river reach, Reach 1, Reach 2, Reach 3, Reach 4 and combined (1 to 4) reach for 
seven flood events between February 2006 to April 2012. Qlat = lateral inflow, Ea = actual 
evaporation, IIL = initial infiltration loss, CIL = continuous infiltration loss, TWS = terminal 
water storage, Qout = outflow and TTL = total transmission losses. Parts a-d present components 
values of Reaches 1 to 4, respectively, and part (e) shows these components for a combined 180 
km river reach. All these components are normalized to inflow of seven flood events from 
February 2006 to April 2012. Total transmission losses (TTL) = Ea + IIL + CIL + TWS. All 
values were normalized to the reach upstream inflow. The legend in part (a) applies to all other 
parts. 
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Fig. 5. Water budget diagram of four flood events along 180 km reach of Diamantina River 
between four virtual stations (Tulmur, Tulmur2, Verdun Valley and Brighton Downs) and 
Diamantina gauging station. Parts (a) to (d) show the water budget of four flood events (i.e., 
Floods #2, #4, #5 and #6 respectively; see Fig.2 for more details of each flood event). The 
“Gain” in the total lateral inflow, Loss is total transmission losses (i.e., actual evaporation, 
infiltration to the soil moisture store and terminal water storage) and Q is the total discharge in 
location of five stations; all have units GL per flood event. Error bars are shown for each 
component-reach combination and represent 1 standard deviation. Legend of (a) applies for all 
other parts. 
 
Fig. 6. Total transmission losses against inflow for the seven flood events from February 2006 to 
April 2012. Parts a-d show Reaches 1-4, respectively, and part (e) is the combined 180 km reach. 
The horizontal axis is total inflow to the system (upstream inflow + lateral inflow). The vertical 
axis (TTL/Q) is total transmission losses (GL/km) relative to the total inflow (these are 
partitioned into the component parts in Fig. 4). The seven Flood events are shown by numbers 1-
7 on each graph, with more details for each flood presented in Fig. 2.  
 
 
Fig. 7. Spatial distribution of total transmission losses for two flood events. Parts (a) and (b) 
show the spatial distribution of TUFLOW modelled total transmission losses (i.e., actual 
evaporation, infiltration to groundwater and terminal water storage) of Flood #1(February 2006 
to May 2006) and Flood #7 (November 2011 to April 2012), respectively. Parts (c) and (d) are 
the flood water residence time, calculated from daily MODIS OWL flood maps for the duration 
of the same two floods. Legend of (a) applies to (b) and legend in (c) applies to (d). Scale in part 
(d) applies to all parts (a-d). 
 
 
 
 
  
Table 1. Summary of relevant transmission loss estimation research conducted in dryland environments (the current paper is added for completeness). Not all papers 
performed transmission losses estimation and flood routing modelling studies and these are denoted with a N/A representing ‘not applicable’ in the relevant part of the ‘Key 
results’ column. In the ‘Key results’ column the abovementioned three components are identified by the code: (1) estimating transmission losses; (2) flood routing; and (3) 
uncertainty analysis and use of remote sensing data.  
 Study  Data / Model used Location / Landscape / Study 
size 
Key results 
1. Knighton 
and Nanson 
(1994)  
Gauge data of Currareva and 
Nappa Marrie / No model 
used 
Cooper Creek,  Lake Eyre Basin, 
Australia / dryland / 420 km 
reach 
1. Transmission losses vary non-linearly with stage. Above a threshold 
flow of about 25% duration, Transmission Losses exceed 75%.  
2. N/A 
3. N/A 
2. Costelloe 
et al. (2003) 
Gauge data from Diamantina 
Lakes to Birdsville / 
conceptual grid-based (0.05° 
x 0.05°) model 
Diamantina River, Lake Eyre 
Basin, Australia / dryland / 330 
km reach 
1. Transmission losses are 70-98% for floods with total discharge <2300 
Mm3. 
2. Flood travel time was non-linear, increases with increasing discharge. 
3. Satellite images are used to identify the flow-paths 
3. Dunkerly 
and Brown 
(1999) 
Direct infiltration 
observations / No model used 
Small desert stream in western 
NSW, Australia / 7.6 km reach 
1. Transmission losses in ephemeral streams may be minimized in near 
bank-full flow stage, and be higher in both sub-bank-full and 
overbank flows. Transmission losses in sub-bank flow were (13.2% 
per km) more than twice the bank-full rate. 
2. N/A 
3. N/A 
4. McKenzi
e and Craig 
(2001) 
Gauge data / ISIS hydraulic 
model 
Orange River, South Africa / 
extremely hot and arid area / 
1400 km reach 
1. Actual evaporation rates from a flowing river were found to be in the 
same order of magnitude as Class A pan evaporation data. 
2.  The accuracy of flow recording gauges at low flows is insufficient to 
enable the losses to be estimated accurately. 
3. N/A 
  
5. Lange 
(2005) 
Gauge data / mathematical 
flow routing scheme 
(MVPMC4-method) 
Kuiseb River, Namib Desert, 
Namibia/ arid/ 150 km reach 
1. Transmission losses are minor during small to medium flows but 
concentrate during high discharge peaks. 
2. Water losses are mostly in flooded overbank areas.  
3. N/A 
6. Milewski 
et al. (2009) 
Gauge data and remotely-
sensed TRMM, AVHRR and 
AMSR-E data / SWAT 
Sinai Peninsula (61,000 km2) and 
the Eastern Desert (220,000 km2) 
of Egypt / arid area 
1. Annual runoff in sub-catchments was 9% and annual groundwater 
recharge was 19.6% of total precipitation.  
2. Initial losses (e.g., infiltration and actual evaporation) were 71.4% of 
total precipitation. 
3. Remote sensing data were used for hydrodynamic modelling set up. 
7. Dahan et 
al. (2008) 
Field measurements of Flood 
and groundwater levels, and 
river bed Infiltration rate / No 
model used 
Kuiseb River, Namibia/ hyper-
arid desert ephemeral river / 33 
m cross section of river 
1. Average downward fluxes in the vadose zone was (∼10 mm/h) in 
relatively well-sorted sandy sediments channel bed. Large floods 
showed larger transmission losses. 
2. N/A 
3. N/A 
8. Sharma 
and Murthy 
(1994) 
Landsat images, gauge data / 
linear regression and 
differential equation. 
Luni Basin, India / arid region / 
multiple reaches 23-186 km 
 
1. Transmission losses reduced the runoff by 8-56%. 
2. Infiltration rate positively correlated (r2 = 0.56) with weighed mean 
diameter of bed material.  
3. Landsat images were used to extract channel geometry.  
9. Walters 
(1990) 
Hydrographs / regression 
equations. 
Arid zone wadi systems Saudi 
Arabia / arid region/ 170-4930 
km2 
 
1. Different regression equations were needed for smaller or larger floods. 
Upstream flow volume and channel length are important parameters 
especially for smaller flows. 
2. N/A 
3. N/A 
10. Cataldo 
et al. (2010) 
Gauge data / regression 
equation 
Western USA / arid ephemeral 
streams / multiple reaches 1.4-
252 km 
1. The results indicate that discharge (either as total event volume or peak 
flow) and hydraulic conductivity are important factors affecting 
transmission losses. 
  
2. N/A 
3. N/A 
11. Karim et 
al. (2011) 
MODIS daily images and 
gauge data/ Mike 21 model 
Fitzroy River, Western Australia/ 
large wet-dry tropical catchment 
/ 32,000 km2 
1. Gauge records over predicted discharge at some location 
2. Hydrodynamic model can be used to investigate ground water recharge 
in a topographically complex catchment.  
3. Remote sensing can be used in calibrating hydrodynamic model in 
ungauged catchments and improves flood discharge estimation.  
12. This 
study 
Remotely-sensed altimeter 
satellites (Jason-2), optical 
images (MODIS-derived 
inundation extent), ground-
based logger (water 
elevation) and gauge (water 
elevation and discharge) data 
/ 2D TUFLOW model 
Diamantina catchments, Lake 
Eyre Basin, Australia / arid, low-
gradient and anabranching 
system / 55,721 km2, 180 km 
reach 
1. Lateral inflow is the most important source of uncertainty in water 
balance calculation. Total transmission losses are high. Actual 
evapotranspiration is the most important component of the 
transmission losses followed by infiltration and terminal water 
storage. 
2. Hydrodynamic model can be used to estimate water balance. 
3. Remote sensing can be used in hydrodynamic model in data-sparse, low-
gradient dryland catchments. 
  
Table 2. Information of river reaches and gauge stations. Total reach channel system area is calculated taking into account the 
meandering nature of the river. See Fig. 1 for upstream and downstream of reaches. 
Gauge 
elevation (m) / lon, lat 
 
Reach # Reach length straight (km) 
/ Reach length meander 
(km) 
Average reach 
slope (m/km) 
Average reach channel 
system width (km) / 
Total reach channel 
system area (km2) 
Tulmur 
(140) / 142.3° E, 22.59° S 1 56.5 / 59 0.25 2.37 / 139.6 
Tulmur2 
(125) / 141.88° E, 22.92° S 2 19.5 / 21 0.27 4.05 / 81.1 
Verdun Valley 
(119.5) / 141.74° E, 23.04° S 3 42.5 / 45 0.23 6.65 / 299.2 
Brighton Downs 
(109.5) / 141.50° E,23.36° S 4 52.5 / 55 0.23 6.79 / 373.6 
Diamantina Lakes 
(93.5) / 141.12° E, 23.69° S 
Total 
(1 to 4) 172 / 180 0.245 4.96 / 893 
 
Table 3. Rainfall-runoff and hydrodynamic models calibration locations and parameters. In this table Qobs is observed discharge, Qsim 
is simulated discharge, IIL is initial infiltration loss for each flood event, CIL is average continuous loss during flood event and Ea is 
averaged actual evaporation during flood event over flood inundation area. Qerr was calculated by using (Qobs – Qsim) / Qobs)*100. See 
caption of Fig.2 for duration of seven flood events.  
 
Flood #  Calibration station 
Qobs  
(GL) Manning’s n 
IIL  
(mm) 
CIL 
(mm/hr) 
Ea 
(mm/hr) 
Qsim 
(GL) 
Q err  
(%) 
1 Diamantina Lakes 581 0.04 10 0.4 0.29 544 -6 
2 Diamantina Lakes 370 0.04 10 0.3 0.26 330 -11 
3 Diamantina Lakes 473 0.04 10 0.25 0.35 513 8 
4 Diamantina Lakes 4925 0.04 10 0.5 0.32 4967 1 
5 Diamantina Lakes 1855 0.04 20 0.4 0.29 2095 13 
6 Diamantina Lakes 1869 0.04 20 0.2 0.29 2164 16 
7 Tulmur 993 0.04 40 0.3 0.3 1045 5 
Tulmur2 1522 0.04 20 0.3 0.3 1524 0 
Verdun Valley 1524 0.04 20 0.3 0.3 1482 -3 
Brighton Downs 1569 0.04 20 0.3 0.3 1377 -12 
Diamantina Lakes 2045 0.04 40 0.2 0.3 2098 3 
  
 
  
Table 4. Water balance equation components (rainfall, inflow, lateral inflow, outflow, actual evaporation, infiltration and terminal water storage) calculated for each 
individual river reach, Reach 1, Reach 2, Reach 3, Reach 4 and all reaches (1 to 4) together for seven flood events between February 2006 to April 2012. In the heading, T = 
number of hours that each Reach was in flood each year, Pup=upstream precipitation, Psub=sub-catchment precipitation, Qin= inflow, Qout= outflow, Qlat= lateral inflow, Ea= 
actual evaporation, IIL=initial infiltration loss, CIL=continuous infiltration loss, TWS=terminal water storage and TTL=total transmission losses. 
Reach 
Flood 
# 
T  
(hr) 
Pup 
(GL) 
Psub 
(GL) 
Qin 
(GL) Qin/Pup 
Qlat 
(GL) 
Qin+Qlat 
(GL) 
Qout 
(GL) 
Ea 
(GL) 
IIL 
(GL) 
CIL 
(GL) 
IIL+CIL 
(GL) 
TWS 
(GL) 
TTL 
(GL) 
Ea 
(GL/km) 
IIL 
(GL/km) 
CIL 
(GL/km) 
IIL+CIL 
(GL/km) 
TWS 
(GL/km) 
TTL 
GL/km) 
Reach 1: 
Tulmur - 
Tulmur2 
59 km 
1 3000 6406 1315 1023 0.16 94 1117 939 54 6 53 59 66 178 0.91 0.10 0.89 0.99 1.11 3.02 
2 5100 8273 1705 747 0.09 147 894 702 60 6 45 51 80 192 1.02 0.10 0.77 0.87 1.36 3.25 
3 4000 7683 1742 963 0.13 152 1114 921 109 6 34 40 44 193 1.84 0.10 0.58 0.68 0.75 3.28 
4 2700 12785 4017 3831 0.30 1214 5045 4706 136 6 158 164 39 339 2.30 0.10 2.67 2.77 0.67 5.74 
5 4500 11656 4446 2145 0.18 1353 3499 3083 202 12 128 140 74 416 3.42 0.20 2.17 2.38 1.25 7.05 
6 7000 13228 4829 1269 0.10 987 2257 1853 255 12 74 86 64 404 4.32 0.20 1.25 1.45 1.08 6.85 
7 4500 10583 3595 1580 0.15 775 2356 2080 151 24 40 64 60 275 2.56 0.41 0.68 1.09 1.02 4.67 
    
Reach 2: 
Tulmur2 - 
Verdun 
21 km 
1 3000 7721 100 939 0.12 4 944 852 23 3 23 26 42 92 1.12 0.13 1.09 1.22 2.02 4.36 
2 5100 9978 193 702 0.07 22 724 626 27 3 21 23 47 98 1.31 0.13 0.99 1.12 2.26 4.68 
3 4000 9426 243 921 0.10 21 942 842 55 3 17 20 25 100 2.61 0.13 0.82 0.95 1.21 4.77 
4 2700 16802 488 4706 0.28 159 4865 4678 73 3 85 88 26 188 3.49 0.13 4.05 4.18 1.26 8.93 
5 4500 16102 611 3083 0.19 249 3332 3109 107 5 68 74 42 223 5.11 0.26 3.24 3.50 2.02 10.63 
6 7000 18057 636 1853 0.10 198 2051 1849 122 5 35 41 40 202 5.79 0.26 1.68 1.94 1.89 9.61 
7 4500 14178 539 2080 0.15 142 2223 2073 79 11 21 32 39 150 3.76 0.52 1.00 1.53 1.86 7.15 
    
Reach 3: 
Verdun - 
Brighton 
45 km 
1 3000 7821 692 852 0.11 43 895 706 59 7 58 65 65 189 1.32 0.16 1.29 1.45 1.44 4.20 
2 5100 10171 1028 626 0.06 58 684 494 67 7 51 58 64 190 1.50 0.16 1.13 1.29 1.43 4.22 
3 4000 9669 970 842 0.09 52 894 697 126 7 40 47 25 198 2.80 0.16 0.88 1.04 0.55 4.39 
4 2700 17289 2653 4678 0.27 721 5399 4926 201 7 234 241 31 473 4.47 0.16 5.19 5.35 0.69 10.51 
5 4500 16712 2947 3109 0.19 811 3920 3378 289 14 183 198 56 542 6.42 0.32 4.07 4.39 1.23 12.04 
6 7000 18694 3064 1849 0.10 594 2443 1967 321 14 93 107 48 476 7.13 0.32 2.07 2.38 1.07 10.59 
7 4500 14717 2287 2073 0.14 349 2421 2053 225 29 60 88 56 369 4.99 0.64 1.33 1.97 1.24 8.19 
 
    
Reach 4: 
Brighton - 
Diamantina 
Lakes 
55 km 
1 3000 8513 1594 706 0.08 96 802 544 79 7 77 84 95 258 1.43 0.14 1.40 1.54 1.72 4.69 
2 5100 11200 2100 494 0.04 49 543 330 67 7 50 58 88 213 1.22 0.14 0.92 1.05 1.60 3.87 
3 4000 10638 1974 697 0.07 45 741 513 141 7 44 52 35 229 2.57 0.14 0.81 0.94 0.64 4.16 
4 2700 19942 3723 4926 0.25 582 5508 4967 226 7 263 270 44 541 4.11 0.14 4.78 4.91 0.80 9.83 
5 4500 19660 4411 3378 0.17 431 3809 3206 313 15 198 213 77 603 5.68 0.27 3.61 3.88 1.40 10.96 
6 7000 21758 6214 1967 0.09 796 2762 2164 399 15 116 130 69 599 7.25 0.27 2.10 2.37 1.26 10.88 
7 4500 17005 4502 2053 0.12 459 2511 2098 241 30 64 94 79 414 4.38 0.54 1.17 1.71 1.43 7.52 
    
Reaches 1-4: 
Tulmur - 
Diamantina 
Lakes 
1 3000 10107 3702 1023 0.10 237 1261 544 215 23 211 234 268 717 1.19 0.13 1.17 1.30 1.49 3.98 
2 5100 13300 5027 747 0.06 276 1023 330 222 23 167 191 280 693 1.23 0.13 0.93 1.06 1.55 3.85 
3 4000 12613 4929 963 0.08 270 1232 513 431 23 135 159 130 720 2.39 0.13 0.75 0.88 0.72 4.00 
4 2700 23666 10881 3831 0.16 2676 6507 4967 636 23 739 763 141 1540 3.53 0.13 4.11 4.24 0.78 8.55 
  
180 km 5 4500 24071 12415 2145 0.09 2845 4990 3206 911 47 578 624 249 1784 5.06 0.26 3.21 3.47 1.38 9.91 
6 7000 27971 14744 1269 0.05 2576 3845 2164 1096 47 317 364 221 1681 6.09 0.26 1.76 2.02 1.23 9.34 
7 4500 21506 10924 1580 0.07 1725 3306 2098 695 93 185 279 233 1208 3.86 0.52 1.03 1.55 1.30 6.71 
  
Table 5. Sensitivity of water elevation to discharge changes at four virtual gauging stations and Diamantina Lakes gauging 
station. 
Discharge 
(m3/s) 
 Water elevation change (m) 
 Tulmur Tulmur2 Verdun Valley Brighton Downs Diamantina Lakes 
0-500  2.44 4.16 1.33 1.11 1.87 
500-1000  0.75 0.96 0.55 0.13 0.68 
1000-2000  0.90 1.01 0.64 0.05 0.83 
2000-3000  0.65 0.66 0.38 0.04 0.55 
3000-4000  0.53 0.51 0.26 0.03 0.41 
4000-5000  0.45 0.41 0.20 0.03 0.33 
5000-6000  0.39 0.33 0.18 0.04 0.29 
6000-7000  0.35 0.27 0.16 0.07 0.25 
7000-8000  0.31 0.23 0.15 0.10 0.22 
8000-9000  0.29 0.20 0.13 0.10 0.20 
 
 
Table 6. Annual rainfall, runoff and runoff coefficients for the seven water years from July 2005 to June 2012. Total rainfall 
integrated over space (the catchment area upstream from the Diamantina Lakes gauging station) and for each water year. The 
runoff coefficient is the ratio of runoff to rainfall. 
Year Total Runoff  
(GL) 
Total Rainfall (GL)  Runoff Coefficient 
All data < 20 mm (per event)  All data < 20 mm (per event) 
2005-2006 579 10107 4119  0.06 0.14 
2006-2007 370 13300 3561  0.03 0.10 
2007-2008 473 12613 4243  0.04 0.11 
2008-2009 4928 23666 15152  0.21 0.33 
2009-2010 1855 24071 11302  0.08 0.16 
2010-2011 1869 27971 7945  0.07 0.24 
2011-2012 2046 21506 7486  0.10 0.27 
 
 
Table 7. Status of remotely-sensed datasets for hydrodynamic modelling of data-sparse low-gradient dryland river systems. In the 
“Application” column, (FD) = Forcing data; (P) = Parameters; (C) = Calibration; (E) = Evaluation; and (R) = Regionalisation, as 
defined by McVicar et al. (2009).  
Remote sensing data 
derived variables 
Example data source Application Level of 
uncertainty / 
reason 
Prioritising investment  
based on value for hydrodynamic 
modelling 
Water elevation (i) Direct: Altimetry 
satellites 
(ii) Indirect: satellite or 
airborne water extent + 
FD / C / E low to medium / 
temporal frequency 
high 
  
topographic data 
Discharge Indirectly using 
inundation extent + 
DEM 
FD / C / E high / related to 
accuracy of DEM  
high 
Digital Elevation Models SRTM 
GDEM 
P Medium to high / 
vegetation effect, 
striping errors, mis-
registration  
high 
Inundation extent Optical images; 
(Landsat, MODIS),  
Passive microwave 
(AMSR-E); 
Active microwave; 
(ERS, RADARSAT, 
ENVISAT) 
C / E medium / related to 
spatial resolution, 
temporal frequency 
and water non-water 
classification 
methods 
medium to high 
Precipitations TRMM FD low to medium / 
based on spatial 
resolution, rainfall 
density and terrain  
medium to high 
Actual evapotranspiration AVHRR, MODIS, 
Landsat 
FD medium to high / 
based on method 
and availability of 
parameters  
medium to high 
Groundwater recharge and 
depletion 
GRACE FD high / due to very 
low spatial 
resolution 
medium 
Soil moisture` ASCAT FD medium to high / 
related to spatial 
resolution 
low to medium 
Manning’s n Optical images 
(Landsat),  
Airborne Lidar 
P high / based on 
DEM accuracy and 
model grid size 
low to medium 
 
  
  
 
0 
5000 
10000 
15000 
20000 
25000 0 
1000 
2000 
3000 
4000 
5000 
Ju
l-
0
5
 
N
o
v-
0
5
 
M
ar
-0
6
 
Ju
l-
0
6
 
N
o
v-
0
6
 
M
ar
-0
7
 
Ju
l-
0
7
 
N
o
v-
0
7
 
M
ar
-0
8
 
Ju
l-
0
8
 
N
o
v-
0
8
 
M
ar
-0
9
 
Ju
l-
0
9
 
N
o
v-
0
9
 
M
ar
-1
0
 
Ju
l-
1
0
 
N
o
v-
1
0
 
M
ar
-1
1
 
Ju
l-
1
1
 
N
o
v-
1
1
 
M
ar
-1
2
 
Ju
l-
1
2
 
N
o
v-
1
2
 
M
ar
-1
3
 
Ju
l-
1
3
 
N
o
v-
1
3
 
To
ta
l R
ai
n
fa
ll 
(G
L/
m
o
n
th
) 
D
is
ch
ar
ge
 (
G
L/
m
o
n
th
) 
Date (month) 
Rain above Tulmur 
Rain Tulmur to Diamantina 
Discharge Diamantina Lakes 
Flood 1 Flood 2 Flood 3 Food 5 Flood 6 Flood 7 
Flood 4 
Figure 2
  
  
 
 
 
 
 
 
-0.5 
0 
0.5 
1 
1.5 
(a) Reach 1 
Flood #1 Flood #2 Flood #3 Flood #4 
Flood #5 Flood #6 Flood #7 
-0.5 
0 
0.5 
1 
1.5 
(b) Reach 2 
-0.5 
0 
0.5 
1 
1.5 
(c) Reach 3 
-0.5 
0 
0.5 
1 
1.5 
(d) Reach 4 
-1.5 
-1 
-0.5 
0 
0.5 
1 
1.5 
Qlat ETa IIL CIL TWS 
 
TTL 
 
Qout 
N
o
rm
al
is
ed
 c
o
m
p
o
n
en
t (e) Reaches 1-4 
Figure 4
  
 
 
 
 
 
 
-2000 
0 
2000 
4000 
6000 
T
o
ta
l 
v
o
lu
m
e 
(G
L
) (a) minor flood (Flood #2) Gain 
Loss 
Q 
-2000 
0 
2000 
4000 
6000 
T
o
ta
l 
v
o
lu
m
e 
(G
L
) (b) minor to moderate flood (Flood #6) 
-2000 
0 
2000 
4000 
6000 
T
o
ta
l 
v
o
lu
m
e 
(G
L
) (c) moderate flood (Flood #5) 
-2000 
0 
2000 
4000 
6000 
Tulmur Tulmur2 Verdun Brighton Diamantina 
T
o
ta
l 
v
o
lu
m
e 
(G
L
) (d) major flood (Flood #4) 
Figure 5
  
  
  
 
 
1 
2 
3 
4 
5 
6 
7 
y = 0.0041e-2E-04x 
R² = 0.844 
0.000 
0.002 
0.004 
0.006 
0.008 
0 1000 2000 3000 4000 5000 6000 
T
T
L
 /
 Q
 
Q(inflow+lateral) 
(a) Reach 1 
1 
2 
3 
4 
5 
6 
7 
y = 0.0068e-3E-04x 
R² = 0.8929 
0.000 
0.002 
0.004 
0.006 
0.008 
0 1000 2000 3000 4000 5000 6000 
T
T
L
 /
 Q
 
Q(inflow+lateral) 
(b) Reach 2 
1 
2 
3 
4 
5 
6 
7 
y = 0.0063e-2E-04x 
R² = 0.9146 
0.000 
0.002 
0.004 
0.006 
0.008 
0 1000 2000 3000 4000 5000 6000 
T
T
L
 /
 Q
 
Q(inflow+lateral) 
(c) Reach 3 1 
2 
3 
4 
5 
6 
7 
y = 0.0072e-3E-04x 
R² = 0.9374 
0.000 
0.002 
0.004 
0.006 
0.008 
0 1000 2000 3000 4000 5000 6000 
T
T
L
 /
 Q
 
Q(inflow+lateral) 
(d) Reach 4 
1 
2 
3 
4 
5 
6 
7 
y = 0.0041e-2E-04x 
R² = 0.9225 
0.000 
0.002 
0.004 
0.006 
0.008 
0 1000 2000 3000 4000 5000 6000 7000 
T
T
L
 /
 Q
 
Q(inflow+lateral) 
 
(e) Reaches 1-4 
Figure 6
  
  
56 
 
 
 
Graphical abstract 
 
 
 
 
 
 
 
 
  
57 
 
 
 
 
Highlights 
 
 
• A combination of RS and field data allows hydrodynamic modelling in data-sparse 
basins. 
• Hydrodynamic model simulated complex flooding in anabranching dryland rivers. 
• Transmission losses in "channel country" are up to 68% of inflow (mean = 46%). 
• Losses are a combination of evaporation, infiltration and terminal water storage.  
• Lateral inflow is the largest source of uncertainty in water balance estimation. 
 
 
 
 
